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Memory-Augmented Autoencoding with

Self-Supervised Learning for Unsupervised

Detection of Abnormal Physiological Signals
Zexin Wang, Lin Shi, Shoukun Xu, Menghui Zhou, Jianjun Chen, Po Yang, Senior Member, IEEE and Jun Qi,

Member, IEEE

AbstractÐDetecting abnormal events in physiological signals
such as EEG and ECG is critical for early diagnosis of neurologi-
cal and cardiovascular disorders. However, existing unsupervised
anomaly detection methods often suffer from limited represen-
tation capacity and weak generalization across diverse signal
domains. To address these challenges, we propose MAGE, a novel
unsupervised anomaly detection framework that integrates multi-
head memory gating, self-supervised learning, and adversarial
training within a unified convolutional autoencoder architecture.
The proposed memory-augmented gating mechanism selectively
preserves and adaptively integrates salient features, improving
discriminability and robustness over prior memory-based ap-
proaches. To further enhance representation learning, a self-
supervised auxiliary task based on multiple signal transforma-
tions is introduced to encourage structure-aware feature extrac-
tion. In addition, transformation-aware adversarial perturbations
are incorporated during training to enhance robustness against
distribution shifts. Extensive experiments on multiple benchmark
EEG and ECG datasets demonstrate that MAGE consistently
outperforms state-of-the-art baselines in standard within-dataset
evaluation settings, achieving over 98% detection accuracy and
superior F1-scores. These results highlight the effectiveness and
clinical potential of MAGE for early anomaly detection and con-
tinuous health monitoring under realistic deployment conditions.
Code available at https://github.com/wzxmodel/MAGE.

Index TermsÐUnsupervised anomaly detection, EEG, ECG,
Self-supervised learning, Memory network

I. INTRODUCTION

A
BNORMAL event detection in physiological signals,

such as electroencephalograms (EEGs) and electrocar-

diograms (ECGs), is critical for early diagnosis and continuous

patient monitoring. Given the high-dimensional, long-term,

and highly variable nature of these signals in clinical settings,
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manual inspection is inherently subjective and unscalable,

driving the urgent need for automated anomaly detection.

While supervised learning achieves promising results, its

reliance on large-scale, accurately annotated datasets limits its

clinical viability, especially since physiological anomalies are

rare and heterogeneous. Consequently, unsupervised anomaly

detection has emerged as a highly practical alternative, identi-

fying deviations by exclusively learning normal patterns from

unlabeled data [1], [2]. This paradigm is particularly suited for

long-term monitoring scenarios where annotations are scarce

or unavailable.

Recent advances in deep learning, especially autoencoder-

based models, have shown strong potential for unsupervised

anomaly detection by modeling normal signal manifolds and

using reconstruction error as an anomaly indicator [3], [4].

However, conventional autoencoders often struggle to capture

both global physiological dynamics and subtle local variations,

which are essential for detecting heterogeneous and transient

abnormalities. As a result, their detection sensitivity and

robustness under realistic clinical conditions remain limited.

To address these challenges, we propose MAGE, a novel

unsupervised anomaly detection framework tailored for physi-

ological signal analysis under a normality learning (one-class)

setting, as illustrated in Fig. 1. Built upon a convolutional au-

toencoder backbone, MAGE introduces a Multi-Head Memory

Gating (MHMG) module that adaptively integrates global and

local feature representations through learnable gating mech-

anisms. This design enables selective memory retrieval and

dynamic feature fusion, enhancing representation expressive-

ness while preserving computational efficiency. Gated residual

connections further stabilize training and improve sensitivity

to abnormal patterns.

In addition to architectural enhancements, MAGE incorpo-

rates a self-supervised auxiliary task that applies multiple sig-

nal transformations and trains the encoder to recognize them.

This strategy encourages structure-aware and transformation-

invariant feature learning without requiring manual labels.

To further improve robustness under distributional shifts and

signal perturbations commonly encountered in clinical data, a

transformation-aware adversarial training scheme is introduced

during optimization.

Extensive evaluations on multiple public EEG and ECG

benchmarks demonstrate that MAGE consistently outperforms

the latest state-of-the-art baselines, achieving superior detec-

tion accuracy and precision-recall performance. These results

https://github.com/wzxmodel/MAGE
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Fig. 1. Overall framework of the proposed MAGE. Built on a convolutional autoencoder backbone, MAGE integrates three key components: an Auxiliary
Task Module for self-supervised feature regularization via transformation recognition, a Multi-Head Memory Gating module that adaptively retrieves and
fuses representative normal patterns, and a Time±Frequency Adversarial Module that improves robustness through perturbations in both temporal and spectral
domains. The model learns normal physiological patterns for unsupervised anomaly detection.

highlight the clinical viability and exceptional robustness of

MAGE for early abnormality screening and continuous phys-

iological monitoring.

The main contributions of this work are summarized as

follows:

• We propose MAGE, an unsupervised anomaly detection

framework that integrates a multi-head memory gat-

ing mechanism to enhance representation capacity and

anomaly sensitivity in physiological signals.

• A self-supervised auxiliary learning strategy based on

signal transformations is introduced to improve gener-

alization without requiring anomaly labels.

• A transformation-aware adversarial training scheme is

incorporated to enhance robustness against realistic signal

perturbations and distributional shifts.

• Extensive experiments on multiple EEG and ECG bench-

marks demonstrate the effectiveness and clinical applica-

bility of the proposed method.

The remainder of this paper is organized as follows. Sec-

tion II reviews related work. Section III presents the pro-

posed method. Section IV describes the experimental setup.

Section V reports and discusses the results, and Section VI

concludes the paper.

II. RELATED WORK

In recent years, deep learning has developed rapidly [5],

[6], showing substantial transformative potential across clinical

medicine, particularly in tasks that demand high-precision

pattern recognition [7], [8]. Anomaly detection in physio-

logical signals such as EEG and ECG, which serves as a

cornerstone for early diagnosis of neurological and cardiovas-

cular disorders, primarily relied on statistical analysis, spectral

features, and hand-crafted descriptors in early studies [9]±

[11]. Although these approaches provide interpretability, they

struggle to model the nonlinear, non-stationary characteristics

of physiological signals and are sensitive to noise and inter-

subject variability.

With the development of deep learning, supervised models

have achieved notable success in physiological signal analy-

sis. Convolutional and recurrent neural networks are widely

used for automatic feature extraction and temporal model-

ing [12]±[14]. Representative works include attention-based

CNNs for seizure detection [15], hybrid convolution±recurrent

architectures such as ChronoNet for EEG abnormality analy-

sis [16], and RNN-based models for ECG arrhythmia classifi-

cation [17]. Despite strong performance, these methods depend

heavily on large-scale labeled datasets, which are costly and

often unreliable in clinical practice.

To reduce reliance on annotations, unsupervised anomaly

detection has gained increasing attention. Autoencoder-based

methods are commonly adopted, using reconstruction error as

an anomaly indicator. Variational and adversarial autoencoders

have been proposed to enhance representation capacity and

robustness [18], [19], with recent cutting-edge paradigms

introducing deep LSTM-attention VAEs (LAVAE-Net) [?],

sparse temporal autoencoder (STAE) [20], and dynamic graph-

deviation networks (EGDN-KL) [?] for advanced EEG and
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ECG analysis. However, these models often fail to jointly cap-

ture global physiological dynamics and subtle local variations

efficiently without suffering from over-smoothing or computa-

tional bottlenecks, limiting their ability to detect heterogeneous

or transient abnormalities.

Memory-augmented neural networks enhance anomaly

detection by explicitly storing representative normal pat-

terns [21], which improves reconstruction fidelity and anomaly

separability in physiological signals [22], [23]. However, most

existing approaches rely on static or single-head memory

designs. These lack adaptability to diverse and evolving signal

characteristics, thereby limiting their real-world generalization.

Self-supervised learning (SSL) effectively extracts robust

representations without manual labels via auxiliary pre-

text tasks [24]. In biomedical applications, SSL mitigates

annotation scarcity and boosts anomaly detection perfor-

mance through methods like Transformer-based epilepsy de-

tection [25], auxiliary denoising autoencoders for ECG [26],

and multi-transformation time-series frameworks [27]. These

studies prove that leveraging intrinsic signal structures signif-

icantly enhances representation quality.

Adversarial learning has also been explored to improve

model robustness against noise and distributional shifts,

demonstrating enhanced resilience in EEG classification and

anomaly detection [28], [29]. Nevertheless, these adversarial

strategies are typically applied in isolation and are rarely

integrated with memory mechanisms or SSL objectives.

In summary, existing studies often investigate memory mod-

eling, self-supervised learning, or adversarial training indepen-

dently. Few works integrate these complementary strategies

into a unified framework for physiological anomaly detection.

To bridge this gap, we propose MAGE, an unsupervised

framework that jointly incorporates multi-head memory gating,

transformation-based self-supervised learning, and adversar-

ial training, enabling more expressive representation learning

and improved robustness across heterogeneous physiological

modalities.

In summary, existing studies predominantly investigate

memory modeling, SSL, and adversarial training indepen-

dently. To bridge this gap, we propose MAGE, a unified unsu-

pervised framework that jointly integrates multi-head memory

gating, transformation-based SSL, and adversarial training.

This synergy enables more expressive representation learning

and superior robustness across heterogeneous physiological

modalities.

III. METHODOLOGY

This section describes the architecture and training strategy

of the proposed MAGE model for unsupervised anomaly de-

tection in physiological signals. As illustrated in Fig. 1, MAGE

integrates a convolutional autoencoder backbone with a Multi-

Head Memory Gating module, a self-supervised auxiliary task,

and an adversarial training mechanism. These components

operate jointly to capture both global structures and subtle

abnormalities in complex biomedical time-series data such as

EEG and ECG.

A. Overview

MAGE is built upon a convolutional autoencoder (CAE) for

normality modeling, where anomalies are detected based on

reconstruction error. The CAE adopts an encoder±decoder ar-

chitecture that maps an input signal x to a latent representation

z, and reconstructs it as:

z = fenc(x;ωenc),

x̂ = fdec(z;ωdec),
(1)

where ωenc and ωdec denote the parameters of the encoder

and decoder, respectively.

The reconstruction loss is measured using the mean squared

error:

LMSE = ∥x− x̂∥22. (2)

Low reconstruction error indicates that the input conforms to

the learned normal signal manifold, whereas anomalous inputs

typically yield higher reconstruction errors. During inference,

samples exceeding a predefined reconstruction threshold are

identified as abnormal.

B. Auxiliary Task Module

The Auxiliary Task Module implements a self-supervised

learning strategy to enhance representation quality and gen-

eralization under the normality-learning setting, where only

normal samples are available for training. Since anomalous

patterns are rare, diverse, and usually unseen during training,

relying solely on reconstruction may lead to overfitting to

superficial signal characteristics. To mitigate this issue, MAGE

introduces a transformation recognition task as an auxiliary

objective, encouraging the encoder to learn structured and

discriminative latent representations without requiring manual

labels.

Specifically, a predefined set of signal transformations is

applied to each input signal, and the encoder is trained to

identify the applied transformation. These transformations act

as pseudo-labels and expose the model to diverse signal vari-

ations, promoting robustness and invariance. We define seven

transformations {T0, T1, T2, T3, T4, T5, T6}, each targeting a

different signal characteristic:

1) Raw (T0): Original signal without modification, serving

as a baseline.

2) Noise (T1): Adds Gaussian noise to simulate sensor

disturbances and improve noise robustness.

3) Reverse (T2): Reverses the temporal order of the signal

to disrupt directional dependencies.

4) Permute (T3): Divides the signal into segments and

randomly shuffles them to test temporal consistency.

5) Scale (T4): Multiplies the signal by a random scalar s ∈
{0.3, 0.8, 1.3, 1.8, 2.3}, promoting scale invariance.

6) Dropout (T5): Randomly select a time point and set its

value to 0.

7) Masking (T6): Replaces a continuous time segment with

a specific value.
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Fig. 2. Architecture of the Multi-Head Memory Gating Module. It introduces
multiple memory heads and a learnable gating function to adaptively fuse
memory-enhanced features with the original input.

Each transformed signal is encoded and classified according

to its transformation type using a softmax classifier. The

auxiliary objective is defined by the cross-entropy loss:

LCE = −

|T |
∑

i=1

yi log(pi), (3)

where T denotes the number of transformations, yi is the one-

hot label, and pi is the predicted probability.

By jointly optimizing the reconstruction loss and the auxil-

iary transformation classification loss, the encoder is encour-

aged to capture structure-aware and semantically meaningful

features. This joint learning strategy substantially improves

sensitivity to subtle and heterogeneous anomalies in complex

physiological time-series data.

C. Multi-Head Memory Gating Module

MHMG module enhances representation learning by intro-

ducing a structured memory mechanism into the convolutional

autoencoder. Conventional autoencoders often overfit to nor-

mal training data and exhibit limited generalization to unseen

anomalies. MHMG alleviates this issue by enabling selective

retrieval of representative normal patterns from historical

feature space and adaptive fusion with current features, as

illustrated in Fig. 2.

Given an input feature tensor X ∈ R
B×C×H×W , the

channel dimension is evenly divided into Hm memory heads,

each operating on a subspace of dimension dh = C/Hm. The

reshaped input is expressed as:

X ′ = reshape(X; (Tx, Hm, dh)),

Tx = B ×H ×W.
(4)

Each memory head maintains learnable memory keys and

values, Mk,Mv ∈ R
Hm×dh×C . For the h-th head, similarity

scores between the input features and memory keys are

computed using scaled dot-product attention:

Dh =
X ′

h ·M
h
k

τ
, (5)

where τ is a learnable temperature parameter controlling

the sharpness of attention distribution. The memory-enhanced

feature is obtained via a softmax-weighted sum:

Ah = softmax(Dh) ·M
h
v , (6)

Fig. 3. Architecture of the Time-Frequency Adversarial Module. It introduces
perturbations in both time and frequency domains to generate adversarial
samples while preserving the intrinsic characteristics of the original signals.

resulting in Ah ∈ R
B×H×W×dh . The outputs from all heads

are concatenated to reconstruct the full feature space:

A = concat(A1, A2, . . . , AHm
). (7)

To adaptively combine the memory-enhanced representation

A, with the original features X , a learnable gating mechanism

is applied:

G = AvgPool(X) ∈ R
B×C ,

G′ = σ (W2 · ReLU(W1 ·G)) ,

X̃ = G′ ⊙A+ (1−G′)⊙X,

(8)

where W1 ∈ R
C×C/3, W2 ∈ R

C×C/3 are learnable projection

matrices, and σ denotes the sigmoid activation. G′ acts as a

channel-wise gate to control the fusion, and X̃ is the final

fused representation.

To encourage diverse memory access and prevent domi-

nance of a few memory slots, an attention entropy regular-

ization term is introduced:

Hatt = −

Nm
∑

i=1

Ah,i · logAh,i, (9)

where Ah,i is the attention weight for the i-th memory slot in

head h. The total regularization loss is:

Lspar = λ ·Hatt, (10)

with λ as a balancing hyperparameter.

Overall, MHMG enables specialization across multiple fea-

ture subspaces while adaptively controlling information fusion.

This design improves representation expressiveness, mitigates

irrelevant feature interference, and enhances generalization in

physiological anomaly detection.

D. TF Adversarial Module

Deep neural networks for physiological anomaly detection

are vulnerable to adversarial perturbations, which can signifi-

cantly degrade performance under real-world signal variability.

To enhance robustness, MAGE incorporates a Time-Frequency

Adversarial module that generates adversarial samples by

applying constrained perturbations in both domains [30], as

shown in Fig. 3. The perturbations are optimized to maximize

the model’s loss while preserving the structural and perceptual

characteristics of the original signals.
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Algorithm 1 TF-based Adversarial Attack Algorithm for

Physiological Signal Perturbation

Input: Input data x, Number of attack iterations N , Model

parameters ω, perturbation step size η, Batch size B,

Number of data transformation types T , Number of sensor

channels C, Sampling point Nt, Loss function L(·),
Forward propagation of the model f(·).

Output: Adversarial example xadv

1: Initialize xadv ← x
2: for t← 1 to N do

3: /* TIME DOMAIN ATTACK */

4: Lt ← L(f(xadv;ω))
5: gt ← sign(∇xadv

Lt)
6: xadv ← xadv + η · gt

7: xadv ← clip(xadv, 0, 1)
8: /* FREQUENCY DOMAIN ATTACK */

9: Lf ← L(f(xadv;ω))
10: gf ← sign(∇xadv

Lf)
11: xadv ← reshape(xadv, B · T · 1 · C,Nt)
12: coeffs← DWT(xadv)
13: for i← 1 to 4 do

14: coeffsi ← coeffsi + η · gf

15: end for

16: xadv ← IDWT(coeffs)
17: xadv ← clip(xadv, 0, 1)
18: end for

19: return xadv

1) Time-Domain Perturbation: In the time domain, adver-

sarial perturbations are computed based on the gradient of the

total loss with respect to the input signal. Given an original

sample x, the adversarial version xadv is updated iteratively

using the following rule:

xt+1

adv = xt
adv + η · sign

(

∇xLtotal(x
t
adv)

)

, (11)

where η is the step size, sign(·) denotes the element-wise sign

function, and Ltotal is the overall loss function of the MAGE

model. This procedure ensures that the generated adversarial

perturbations are aligned with the most sensitive directions of

the model, thereby exposing its vulnerability while guiding

robustness-oriented optimization.

2) Frequency-Domain Perturbation: To further enhance the

effectiveness and diversity of adversarial perturbations, the

attack is extended to the frequency domain using the Discrete

Wavelet Transform (DWT). Specifically, the adversarial input

xt
adv is decomposed into four frequency sub-bands:

C = DWT(xt
adv) = {Cll, Clh, Chl, Chh}, (12)

where Cll represents the low-frequency component, while Clh,

Chl, and Chh correspond to high-frequency components in

different orientations.

Perturbations are computed based on the gradient of the

total loss Ltotal with respect to the wavelet coefficients and are

applied as follows:

C ′
i = Ci + α · Et[sign(∇xadv

Ltotal(xadv))],

xt+1

adv = IDWT(C ′),
(13)

Algorithm 2 The procedure of the MAGE

Input: Input data x ∈ R
B×C×Nt , Epoch E, Batch

size B, Number of data transformation types T =
{T0, T1, T2, T3, T4, T5, T6}, Number of sensor channels C,

Sampling point Nt, Cross-entropy loss function LCE(·),
The parameters of the submodule ωi, Forward propagation

of the submodule fi(·), hyperparameters λ1, λ2.

Output: Lmse, Lspar, Lce, Ltotal

1: for epoch← 1 to E do

2: X ← Tran(x), X ∈ R
B×T×1×C×Nt

3: Z ← fencoder(X;ωenc)
4: G← fclass(Z;ωclass)
5: Lce ← 0
6: for i← 1 to |T | do

7: Lce ← Lce + LCE(Gi, i)
8: end for

9: (Mg, Ag)← fgm(X;ωgm)
10: (Ml, Al)← flm(X;ωlm)
11: Z̃ ← Fusion(Mg,Ml;ωf)
12: Ẑ ← Concatenate(Z, Z̃)
13: X̂ ← fdecoder(Ẑ;ωdec), X̂ ∈ R

B×T×1×C×Nt

14: Lmse ← ∥X − X̂∥2

15: Lspar ←
∑

Ag +
∑

Al

16: Ltotal ← Lmse + λ1 · Lspar + λ2 · Lce

17: end for

18: return Lmse, Lspar, Lce, Ltotal

where α is a scaling factor controlling the perturbation magni-

tude, and Et[·] denotes the expectation over time frames. The

modified coefficients C ′
i are subsequently transformed back

to the time domain via inverse DWT (IDWT) to obtain the

updated adversarial signal.

3) Time Frequency-Domain Perturbation: The proposed

time±frequency (TF) adversarial perturbation strategy en-

hances anomaly detection in physiological signals by jointly

introducing perturbations in both domains. This design in-

creases the effectiveness of adversarial samples while pre-

serving perceptual consistency. Unlike conventional attacks

that optimize only classification loss, the TF-based strategy

optimizes the overall objective, including auxiliary losses,

thereby improving perturbation diversity and precision. The

procedure is summarized in Algorithm 1.

By selectively adjusting frequency components through

gradient-based optimization, this strategy preserves essen-

tial physiological structures while introducing impercepti-

ble distortions. Consequently, TF-based perturbations provide

a realistic assessment of model vulnerability and facilitate

robustness-oriented training.

During inference, anomalies are identified by thresholding

reconstruction errors. The memory-guided adaptive feature

fusion further enables dynamic adjustment to unseen patterns,

improving generalization. The complete inference procedure is

described in Algorithm 2. Overall, the integration of TF-based

adversarial training and memory-guided inference enhances

robustness and adaptability while maintaining computational

efficiency.
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TABLE I
SUMMARY OF EEG AND ECG BENCHMARK DATASETS USED IN THE

ANOMALY DETECTION EXPERIMENTS

Dataset TUSZ CHB-MIT AUBMC INCART PTB

Sessions / Records 1643 198 35 75 549
Subjects 675 22 6 32 290
Sampling Rate (Hz) 256 256 500 257 1000
Channels / Dimensions 19 23 19 12 15
Train Samples (Normal Only) 15780 14278 4700 10048 9453
Anomalies (%) 4.65 0.27 1.91 14.43 16.38

IV. DATASET AND EXPERIMENTAL SETUP

To rigorously assess the effectiveness of the proposed

MAGE model in physiological signal anomaly detection, we

conduct experiments on multiple benchmark EEG and ECG

datasets. These datasets encompass diverse pathological con-

ditions, enabling a comprehensive evaluation of the model’s

generalization and robustness.

A. EEG datasets

We evaluate the proposed anomaly detection framework

using three publicly accessible EEG datasets, namely TUSZ,

CHB-MIT, and AUBMC. These datasets collectively encom-

pass large-scale adult recordings, pediatric epilepsy cases,

and small-cohort datasets with clinical annotations. A unified

statistical summary of these datasets, encompassing subject

counts, recording characteristics, and anomaly ratios, is pre-

sented in Table I.

The Temple University Hospital EEG Corpus (TUSZ) is

a large-scale clinical dataset containing recordings from 675

subjects, with more than 3,500 annotated seizure events span-

ning multiple seizure categories [31], [32]. The total recording

duration exceeds 5 million seconds, while seizure activity con-

stitutes only a small fraction of the data. Following standard

practice, segments labeled as background activity are treated

as normal signals, whereas all seizure-related segments are

regarded as anomalous events. The richness of seizure types

and the extreme class imbalance make TUSZ a challenging

benchmark for unsupervised anomaly detection.

The CHB-MIT Scalp EEG Database consists of long-

term EEG recordings from 22 pediatric patients with in-

tractable epilepsy, sampled at 256 Hz using up to 23 scalp

electrodes following the international 10±20 system. A total

of 198 seizures are annotated across 129 seizure-containing

sessions [33], [34]. In our experiments, non-seizure EEG

segments are used exclusively to model normal brain activity,

while seizure segments are reserved for evaluation as anoma-

lies. Despite minor recording gaps, CHB-MIT provides a

clinically realistic and widely adopted benchmark for pediatric

seizure detection.

The AUBMC dataset was collected from six patients with

focal epilepsy undergoing long-term video-EEG monitoring

at the American University of Beirut Medical Center. EEG

signals are recorded at 500 Hz using 19 scalp electrodes, with

detailed annotations describing seizure onset zones, types, and

durations [35]. Each recording contains interictal segments

and one or more ictal events, resulting in over one hour of

cumulative seizure activity. Consistent with the other EEG

datasets, non-seizure segments are considered normal data,

while all seizure-related segments are treated as anomalous

samples in our experiments.

B. ECG datasets

We further evaluate the proposed framework on two widely

used ECG benchmarks, INCART and PTB, which represent

long-term Holter monitoring data and high-resolution clinical

diagnostic recordings, respectively. Key dataset statistics and

sample distributions are summarized in Table I.

The St Petersburg INCART 12-lead Arrhythmia Database

contains 75 annotated 30-minute ECG recordings obtained

from 32 patients undergoing clinical evaluation for coro-

nary artery disease. Signals are recorded at 257 Hz using

12 standard leads, with over 175,000 beat-level annotations

covering a broad range of cardiac abnormalities, including

myocardial infarction, atrial fibrillation, supraventricular ec-

topy, conduction disorders, and bundle branch blocks [36].

In our experiments, beats labeled as normal sinus rhythm

are used exclusively for training, while all non-normal beats

are treated as anomalous events during evaluation, enabling

clinically meaningful anomaly detection from normal cardiac

activity.

The PTB Diagnostic ECG Database consists of 549 high-

resolution ECG recordings from 290 subjects, acquired at 1000

Hz using 15 synchronized leads (12 standard leads and 3

Frank leads). Each subject contributes one to five recordings,

accompanied by detailed clinical metadata spanning multiple

diagnostic categories, with myocardial infarction being the

most prevalent [36], [37]. In our anomaly detection setting,

recordings from healthy subjects are used as normal data for

training, whereas recordings associated with any pathological

diagnosis are regarded as anomalies during evaluation.

C. Experimental Setup

To ensure a consistent, clinically meaningful, and repro-

ducible evaluation, we adopt a normality learning (one-class

anomaly detection) paradigm across all EEG and ECG experi-

ments. Specifically, the model is trained exclusively on normal

physiological signals, while both normal and abnormal seg-

ments are included during testing to assess anomaly detection

performance under realistic clinical conditions.

For EEG datasets, normal data consist of non-seizure seg-

ments, including interictal intervals from epileptic patients

as well as recordings from healthy subjects. Abnormal data

correspond to ictal segments characterized by rhythmic dis-

charges, abrupt amplitude changes, and abnormal synchroniza-

tion patterns, in accordance with standard clinical definitions

of epileptic seizures. For ECG datasets, normal signals are

derived from subjects without diagnosed cardiac abnormalities

and typically exhibit regular sinus rhythms, whereas abnormal

segments include myocardial infarction, arrhythmias, conduc-

tion disorders, and ischemic events, which often manifest as

waveform irregularities or ST-segment deviations.

All recordings are segmented into non-overlapping 1-second

windows for normal data. This window length was empirically

selected as a practical trade-off between preserving sufficient
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TABLE II
PERFORMANCE COMPARISON OF MAGE WITH STATE-OF-THE-ART METHODS ON EEG DATASETS

Method
TUSZ CHB-MIT AUBMC

Acc(%) Pre(%) Rec(%) F1-score Acc(%) Pre(%) Rec(%) F1-score Acc(%) Pre(%) Rec(%) F1-score

C-LSTM [43] 64.99 75.86 72.00 0.7387 69.73 69.56 69.43 0.6949 70.48 71.94 80.80 0.7612
ChronoNet [44] 78.33 79.03 84.50 0.8167 81.65 82.19 80.81 0.8149 86.82 87.21 89.14 0.8817
ADSA [45] 82.61 81.79 89.50 0.8547 89.88 89.63 90.20 0.8991 88.94 89.06 91.12 0.9008
USAD [46] 73.50 75.17 80.08 0.7755 88.25 87.12 89.79 0.8843 82.73 89.98 77.25 0.8313
CAE-M [47] 66.51 73.81 64.18 0.6865 64.34 67.48 55.36 0.6082 64.51 71.30 59.51 0.6488
Anomaly Transformer [48] 93.29 96.08 92.00 0.9400 94.49 94.95 93.99 0.9447 98.11 98.45 98.10 0.9828
BeatGAN [49] 87.94 89.67 89.18 0.8942 88.84 89.49 88.03 0.8875 84.30 86.16 85.19 0.8567
TimesNet [50] 89.57 91.60 90.00 0.9079 86.31 86.29 86.34 0.8632 94.27 95.07 94.51 0.9479
LCT [51] 94.79 95.18 95.72 0.9545 95.79 96.30 95.23 0.9576 96.15 96.58 96.43 0.9651
GATs-LSTM [52] 93.36 95.05 93.22 0.9413 94.97 94.74 95.23 0.9498 92.22 93.18 92.66 0.9292
CwA-T [53] 84.79 85.59 88.22 0.8689 88.43 88.24 88.70 0.8847 83.74 85.44 84.96 0.8520
Fd-CAE [54] 92.23 94.56 91.68 0.9309 93.74 94.47 92.93 0.9369 88.55 93.44 85.19 0.8912
SAnoDDPM [55] 97.86 98.00 98.25 0.9813 97.68 97.37 98.01 0.9769 96.08 96.58 96.30 0.9644
SGAT-AE [56] 96.54 96.86 97.10 0.9698 98.11 97.87 98.37 0.9812 95.93 96.30 96.30 0.9630
DWT-CSP-CatBoost [57] 96.39 96.85 96.82 0.9684 97.84 97.86 97.83 0.9784 96.10 96.31 96.61 0.9646
STAE [20] 80.29 84.80 79.80 0.8223 82.74 84.79 79.79 0.8222 81.00 84.80 79.79 0.8222
EGDN-KL [58] 86.77 90.05 86.40 0.8819 88.14 87.97 88.37 0.8817 90.17 91.84 90.17 0.9100
LAVAE-Net [59] 90.29 91.09 92.00 0.9154 86.50 85.44 88.00 0.8670 92.65 92.75 93.99 0.9337

MAGE 98.29 98.60 98.40 0.9850 98.80 98.82 98.77 0.9880 98.64 98.99 98.54 0.9876
Improvement ↑ 0.43 0.60 0.15 0.0037 0.69 0.95 0.40 0.0068 0.53 0.54 0.44 0.0048

temporal context to capture characteristic EEG and ECG

patterns and maintaining computational efficiency, as shorter

windows yield unstable representations while longer windows

provide no consistent performance gains [38], [39]. To better

capture the transient and sparse nature of pathological events,

abnormal segments (seizure or cardiac events) are further

processed using a sliding window strategy with 50% overlap

during testing. The training set is constructed using only

normal windows, while the test set combines normal and

abnormal windows, reflecting a clinically realistic deployment

scenario in which anomalies are rare, unseen during training,

and only identified during inference. Importantly, anomaly

labels are never used during training and are employed solely

for evaluation.

We adopt a sample-level split strategy, which is suitable for

unsupervised anomaly detection focused on learning shared

normal physiological patterns rather than subject-specific fea-

tures. Enforcing strict subject-wise separation in preliminary

experiments substantially reduced normal data diversity and

led to unstable training. This setting also aligns with realistic

clinical monitoring scenarios, where models are trained on

heterogeneous normal data and deployed across subjects [40]±

[42].

Channel-wise Z-score normalization is performed on a per-

recording basis, where the mean and standard deviation are

computed independently for each channel within each EEG

or ECG recording. This preprocessing preserves relative tem-

poral±spatial patterns while ensuring consistent input scaling

and stable model convergence across heterogeneous datasets.

To determine suitable model parameters, we evaluated mul-

tiple configurations. The memory matrix size was tested with

values 32, 64, 128, 256, and the number of attention heads in

the multi-head memory gating module was varied among 2,

4, 8, 16. The temperature parameter was assessed within 0.1,

0.3, 0.5, 0.7, 0.9. Optimal performance was achieved with a

memory size of 64, four attention heads, and a temperature of

TABLE III
PERFORMANCE COMPARISON OF MAGE WITH STATE-OF-THE-ART

METHODS ON ECG DATASETS

Method
INCART PTB

Acc(%) Pre(%) Rec(%) F1-score Acc(%) Pre(%) Rec(%) F1-score

C-LSTM [43] 78.45 78.26 81.39 0.7980 77.10 78.77 74.20 0.7642
ChronoNet [44] 87.55 86.62 90.09 0.8832 87.10 85.60 89.20 0.8737
ADSA [45] 88.32 87.15 91.09 0.8907 88.62 87.30 90.40 0.8882
USAD [46] 87.59 87.10 89.52 0.8829 82.28 80.93 84.45 0.8265
CAE-M [47] 70.18 71.88 70.57 0.7122 66.42 65.80 68.40 0.6708
Anomaly Transformer [48] 96.36 96.36 96.70 0.9653 97.80 97.05 98.60 0.9782
BeatGAN [49] 88.36 89.59 87.96 0.8877 88.92 89.34 88.40 0.8887
TimesNet [50] 90.02 90.87 89.96 0.9041 90.02 89.97 90.10 0.9003
LCT [51] 84.64 85.96 84.39 0.8517 81.58 81.88 81.10 0.8149
GATs-LSTM [52] 85.59 86.57 85.74 0.8615 83.68 83.62 83.75 0.8369
CwA-T [53] 76.50 77.79 77.04 0.7741 71.80 72.61 70.00 0.7128
Fd-CAE [54] 86.09 89.11 83.61 0.8627 86.42 88.77 83.40 0.8600
SAnoDDPM [55] 94.14 96.28 92.35 0.9427 95.12 95.28 94.95 0.9512
SGAT-AE [56] 93.18 95.45 91.30 0.9333 95.25 95.48 95.00 0.9524
DWT-CSP-CatBoost [57] 93.73 94.82 93.09 0.9394 96.58 97.02 96.10 0.9656
STAE [20] 81.95 84.80 79.78 0.8221 82.75 84.80 79.80 0.8223
EGDN-KL [58] 93.23 93.11 94.00 0.9355 96.13 95.78 96.50 0.9614
LAVAE-Net [59] 94.77 94.04 96.09 0.9505 96.55 95.77 97.40 0.9658

MAGE 98.91 99.13 98.78 0.9895 98.52 98.45 98.60 0.9853
Improvement ↑ 2.55 2.77 2.08 0.0242 0.72 1.40 0.0 0.0071

0.7.

Hyperparameter tuning was conducted via a combination

of grid search and manual refinement. Learning rates in the

range of 1× 10−6 to 1× 10−4 are evaluated, with 1× 10−5

providing the best validation performance. Batch sizes of 16,

32, and 64 are tested, and 32 was selected for its balance

between efficiency and generalization. A dropout rate of 0.5

was adopted to mitigate overfitting. More specific parameter

settings will be listed in the experimental results section.

All models were trained for 120 epochs to ensure conver-

gence. The total loss function comprised three components:

mean squared error (Lmse) for reconstruction accuracy, spar-

sity regularization (Lspar) to promote compact latent repre-

sentations, and a cross-entropy term (Lce) derived from the

self-supervised auxiliary task to promote transformation-level

discrimination. The overall loss function is defined as:

Ltotal = Lmse + λ1 · Lspar + λ2 · Lce, (14)

where λ1 and λ2 are hyperparameters that control the con-

tributions of the regularization terms. In our experiments, λ1
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Fig. 4. Confusion matrices of MAGE on EEG and ECG benchmark test sets. Rows represent ground-truth labels and columns represent predictions. Balanced
visualization is used for clarity, while evaluation follows the original data distributions.

was set to 1.0 and λ2 to 0.0002. The proposed model was

implemented in PyTorch and trained using mixed-precision

on an NVIDIA RTX 3090 GPU to improve computational

efficiency. Performance was evaluated using standard anomaly

detection metrics, including F1-score and accuracy, to assess

the model’s effectiveness in detecting abnormalities across

diverse EEG and ECG datasets.

V. RESULTS AND DISCUSSION

The effectiveness of MAGE is evaluated through com-

prehensive comparisons with state-of-the-art unsupervised

anomaly detection methods on five benchmark EEG and ECG

datasets. All results are reported on held-out test sets, with

training conducted using only the corresponding training data

as described in Section IV-C. The baselines include statisti-

cal methods, autoencoder-based models, and recent memory-

augmented and contrastive learning approaches for physiolog-

ical signals.

As shown in Table II and Table III, MAGE consistently

outperforms all baselines in accuracy, precision, recall, and F1-

score across all datasets, achieving detection rates above 98%

on both EEG and ECG benchmarks. These results demonstrate

strong generalization across modalities, recording conditions,

and clinical scenarios.

Further insights into the model’s detection behavior are

provided by the confusion matrices shown in Fig. 4, which are

computed solely on the test sets. These matrices summarize the

distributions of true positives, true negatives, false positives,

and false negatives, offering a detailed view of MAGE’s ability

to discriminate between normal and abnormal segments. Al-

though the matrices are displayed in a visually balanced format

for clarity, this does not reflect the natural class distributions

of the datasets. The original test set compositions are fully

preserved, and no artificial balancing is applied during training

or evaluation. As observed, MAGE maintains high sensitivity

to pathological events while achieving low false positive rates,

a desirable property for reducing false alarms in clinical

monitoring applications.

The training dynamics and optimization stability of MAGE

are further analyzed by examining the evolution of its loss

components over 120 epochs, as shown in Fig. 5. The loss of

sparsity regularization decreases rapidly during early training,

indicating efficient adaptation of the memory module, while

the reconstruction and auxiliary losses decline more gradually

as the model progressively refines its representations. The total

loss exhibits a smooth and stable downward trend throughout

training, confirming that the joint optimization of multiple

objectives proceeds in a balanced manner without compro-

mising convergence. This behavior demonstrates the stability

of the proposed training strategy and its suitability for robust

unsupervised anomaly detection.

Anomaly detection performance is further evaluated using

receiver operating characteristic (ROC) and precision±recall

(PR) curves across all datasets, as shown in Fig. 6.

The ROC curves consistently approach the top-left corner,

with AUC-ROC values exceeding 0.99, indicating strong sep-

arability between normal and anomalous segments. Similarly,

the PR curves maintain high precision and recall across

decision thresholds, yielding large AUC-PR values even under

class imbalance. This behavior is particularly important for

clinical applications, where both missed anomalies and false

alarms must be minimized, and demonstrates the strong gen-

eralization capability of MAGE.

The robustness of MAGE to hyperparameter variations is

examined through a parameter sensitivity analysis on the

TUSZ dataset, as shown in Fig. 7. Model performance remains

stable across a broad range of values, with consistently high

accuracy when the perturbation step size and the number of

memory heads fall within reasonable bounds. This insensitivity

to minor parameter changes is desirable for practical clinical

deployment, where extensive hyperparameter tuning may be

infeasible.

The impact of the decision threshold on detection per-

formance is further analyzed using the TUSZ and INCART

datasets. In MAGE, a test sample is classified as anomalous

if its reconstruction error exceeds the (100× q)-th percentile

of the error distribution computed from the normal training

data. As reported in Table IV, lower thresholds improve recall

at the cost of increased false positives, whereas a higher

threshold (q = 0.99) provides a more balanced trade-off

between sensitivity and specificity, achieving the highest F1-

score on both datasets. These results highlight the importance

of threshold selection in real-world clinical scenarios, where

the relative costs of false alarms and missed detections must

be carefully considered.

Although MAGE is trained under a normality-learning

paradigm, completely clean training data are rarely available in

clinical practice due to annotation uncertainty, signal artifacts,
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Fig. 5. Training loss curves of MAGE on representative EEG and ECG datasets. A stable and smooth convergence trend is observed across both modalities,
indicating effective optimization and consistent training dynamics under the proposed multi-module framework.

Fig. 6. Performance curves of MAGE on datasets. (a) AUC-ROC curves
illustrating the true positive rate versus false positive rate. (b) Precision-Recall
curves showing the trade-off between precision and recall. Each line represents
a different dataset.

TABLE IV
PERFORMANCE OF MAGE UNDER DIFFERENT THRESHOLD VALUES q ON

TUSZ AND INCART DATASETS

Threshold q
TUSZ INCART

Acc(%) Pre(%) F1-score Acc(%) Pre(%) F1-score

0.95 96.59±0.15 97.39±0.14 0.9700±0.0013 96.87±0.13 97.14±0.19 0.9700±0.0012
0.96 97.39±0.10 98.04±0.12 0.9771±0.0008 97.94±0.07 98.07±0.05 0.9803±0.0007
0.97 97.84±0.07 98.30±0.14 0.9811±0.0006 98.44±0.14 98.45±0.22 0.9851±0.0013
0.98 97.86±0.06 98.37±0.09 0.9812±0.0005 98.12±0.07 98.16±0.12 0.9820±0.0006
0.99 98.29±0.02 98.60±0.02 0.9850±0.0002 98.92±0.03 99.13±0.04 0.9896±0.0003

and retrospective data collection. To evaluate robustness under

such realistic conditions, we progressively injected anomalous

segments into the training set while keeping the training

process fully unlabeled.

As shown in Fig. 8, detection performance on both EEG

(TUSZ) and ECG (INCART) datasets degrades gradually as

the proportion of anomalous samples increases. This behavior

reflects the typical sensitivity of reconstruction-based anomaly

detection methods to contamination in the normal data distri-

bution, rather than indicating a strict requirement for anomaly-

free training data. Importantly, anomaly labels are never used

during training, and the contamination ratio is considered only

for post hoc analysis.

The examined contamination levels are consistent with prac-

tical physiological monitoring scenarios, where EEG record-

ings typically contain sparse pathological events and ECG

recordings may exhibit higher abnormal prevalence. The

relatively stable performance under moderate contamination

suggests that MAGE remains applicable when mild training

data noise is unavoidable.

As shown in Table V, replacing the convolutional autoen-

coder backbone with a Transformer-based variant leads to

consistent performance degradation and a substantial increase

Fig. 7. Parameter sensitivity analysis of MAGE on the TUSZ dataset. Model
performance remains stable across different values of key hyperparameters,
demonstrating robustness to parameter variations.

in latency, indicating that the Transformer design is less suit-

able for efficient clinical deployment. Similarly, substituting

the Multi-Head Memory Gating module with a single-head

memory results in lower accuracy and F1-score, confirming the

importance of multi-head memory for capturing heterogeneous

physiological patterns.

We further compare different adversarial strategies. Replac-

ing the proposed time±frequency adversarial training with

FGSM [60], PGD [61], or C&W [62] attacks consistently

degrades performance, while removing adversarial training

entirely causes a statistically significant drop (p < 0.05).

In addition, removing either the global or local memory

component leads to highly significant performance degradation
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Fig. 8. Effect of anomalous sample contamination in training data on detection
performance. Left: EEG dataset (TUSZ), Right: ECG dataset (INCART). Each
subplot shows accuracy and F1-score with varying anomaly ratios in training
data (0%, 0.5% 1%, 3%, 5%, 7%, 9%, 10%).

TABLE V
PERFORMANCE COMPARISON OF MAGE AND ITS VARIANTS ON THE

TUSZ AND INCART DATASETS

Variant
TUSZ INCART

Acc(%) Pre(%) F1-score Acc(%) Pre(%) F1-score

MAGE 98.29±0.02 98.60±0.02 0.9850±0.0002 98.92±0.03 99.13±0.04 0.9896±0.0003
MAGE-Transformer 97.65±0.26 97.96±0.34 0.9794±0.0023 97.90±0.10 98.16±0.04 0.9799±0.0009
MAGE-SHMem [63] 97.39±0.25 98.00±0.66 0.9771±0.0021 97.92±0.09 98.24±0.18 0.9801±0.0009

MAGE-FGSM 96.88±0.04 97.60±0.09 0.9726±0.0003 96.08±0.21 94.67±0.20 0.9631±0.0020
MAGE-PGD 97.45±0.04 98.22±0.17 0.9776±0.0003 97.28±0.05 95.85±0.03 0.9744±0.0005
MAGE-C&W 97.45±0.20 98.29±0.23 0.9775±0.0018 97.30±0.10 95.53±0.20 0.9747±0.0010

MAGE w/o Adv 96.26±0.16 97.64±0.12 0.9670±0.0014* 96.10±0.42 96.40±0.38 0.9626±0.0041*

MAGE w/o GlobalMem 95.46±0.26 95.69±0.39 0.9604±0.0024** 94.78±0.12 95.13±0.10 0.9500±0.0012**

MAGE w/o LocalMem 94.89±0.29 95.65±0.35 0.9552±0.0027** 94.67±0.28 95.02±0.20 0.9490±0.0027**

MAGE w/o AuxTask 91.12±0.88 93.45±0.59 0.9212±0.0080** 89.82±0.45 90.61±0.44 0.9022±0.0044**

∗ Statistically significant difference compared with the MAGE model (p <

0.05).
∗∗ Highly significant difference compared with the MAGE model (p < 0.01),

based on the Wilcoxon signed-rank test on F1-score.

TABLE VI
COMPUTATIONAL COMPLEXITY AND INFERENCE LATENCY ON THE TUSZ

AND INCART DATASETS

Variant
TUSZ INCART

FLOPs (G) Latency (ms) FLOPs (G) Latency (ms)

MAGE 6.99 43.59 5.15 96.45
MAGE-Transformer 6.67 182.34 4.32 412.53
MAGE-SHMem 7.03 46.29 4.74 97.11
Anomaly Transformer 10.02 100.98 11.84 99.47
SAnoDDPM 15.31 203.1 16.67 346.1
SGAT-AE 14.98 216.01 13.03 199.69
DWT-CSP-CatBoost 6.42 88.36 5.63 100.91

TABLE VII
EFFECT OF THE NUMBER OF SSL TRANSFORMATIONS ON MODEL

PERFORMANCE ON THE TUSZ AND INCART DATASETS

Top-k
TUSZ INCART

Acc(%) Pre(%) Rec(%) F1-score Acc(%) Pre(%) Rec(%) F1-score

Top-1 93.06±0.18 94.71±0.15 93.06±0.41 0.9387±0.0018 93.50±0.20 94.05±0.18 93.48±0.23 0.9376±0.0020
Top-3 95.50±0.14 96.54±0.20 95.55±0.14 0.9604±0.0012 95.50±0.05 95.87±0.05 95.51±0.05 0.9569±0.0004
Top-5 97.12±0.03 97.76±0.05 97.18±0.07 0.9747±0.0003 97.50±0.06 97.66±0.13 97.55±0.03 0.9761±0.0006

All 98.29±0.02 98.60±0.02 98.40±0.01 0.9850±0.0002 98.91±0.03 99.13±0.04 98.78±0.02 0.9895±0.0003

(p < 0.01), highlighting their complementary roles. Elimi-

nating the self-supervised auxiliary task results in the largest

performance decline, demonstrating its critical contribution to

discriminative representation learning.

We select four representative baselines that consistently

demonstrate strong detection performance, together with two

architectural variants of the proposed framework for compari-

son. As shown in Table VI, MAGE attains comparable or lower

FLOPs with substantially reduced inference latency compared

Fig. 9. Performance of different self-supervised transformations (used indi-
vidually) on the main model over TUSZ and INCART datasets.

Fig. 10. Performance of different SNR on the TUSZ and INCART datasets.

to strong baselines. The higher latency of the Transformer-

based variant, despite similar FLOPs, highlights the gap be-

tween theoretical complexity and practical efficiency. This

demonstrates that the proposed convolutional backbone with

memory gating offers a favorable balance between efficiency

and deployability.

The effect of individual self-supervised transformations was

evaluated by training the model with a single transformation

at a time. As shown in Fig. 9, different transformations

exhibit varying effectiveness, indicating that transformation

selection plays a critical role in enhancing anomaly detection

performance.

Building on these results, we further examined the impact

of using multiple transformations. As reported in Table VII,

performance improves consistently as more effective transfor-

mations are incorporated, with the best results achieved when

all transformations are used. This demonstrates that combining

diverse transformations provides stronger regularization for

representation learning.

The noise robustness of MAGE was assessed by injecting

Gaussian noise at SNR levels of ±5 dB, 0 dB, 5 dB, 10 dB, 15

dB and 20 dB into raw EEG signals from the TUSZ dataset

and raw ECG signals from the INCART dataset. The signal-
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TABLE VIII
QUALITATIVE COMPARISON OF REPRESENTATIVE ANOMALY DETECTION METHODS AND THE PROPOSED MAGE FRAMEWORK IN TERMS OF

SUPERVISION REQUIREMENTS, MODALITY COVERAGE, ROBUSTNESS, EFFICIENCY, INTERPRETABILITY, AND GENERALIZATION CAPABILITY.

Method Label-Free Anomaly EEG ECG Noise Contam. Efficient Explainable Cross-Subject

GATs-LSTM × ✓ ✓ × ✓ × × ✓ ×

DWT-CSP-CatBoost × ✓ ✓ × ✓ × ✓ ✓ ✓

Anomaly Transformer ✓ ✓ × × × × × ✓ ×

SGAT-AE ✓ ✓ × × ✓ × ✓ ✓ ×

SAnoDDPM ✓ ✓ ✓ × × ✓ ✓ ✓ ×

LAVAE-Net ✓ ✓ × ✓ ✓ × ✓ ✓ ×

MAGE (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ × ×

to-noise ratio (SNR) in decibels is defined as:

SNRdB = 10 · log10

(

Psignal

Pnoise

)

,

Pnoise =
Psignal

10SNRdB/10
,

(15)

where Psignal and Pnoise denote the power of the signal and the

noise, respectively.

As shown in Fig. 10, performance decreases as noise

intensity increases; however, MAGE consistently outperforms

competing methods across all SNR levels. Even at -5 dB,

MAGE achieves an F1-score of 0.8097 on TUSZ and 0.7026

on INCART, demonstrating strong robustness under severe

noise contamination and suitability for real-world biomedical

applications. In addition, as shown in Table VIII, MAGE com-

bines label-free learning, multi-modal applicability, robust-

ness, and computational efficiency within a unified framework.

Although interpretability and cross-subject generalization re-

quire further investigation, MAGE offers a favorable balance

between detection capability and practical deployability.

VI. CONCLUSION

In this study, we proposed MAGE, a memory-augmented

anomaly detection framework for physiological time-series

data that is tailored to realistic clinical settings. By integrating

multi-head memory gating, self-supervised auxiliary learning,

and time±frequency adversarial training within an autoencod-

ing architecture, MAGE effectively captures stable normal

physiological patterns while remaining robust to noise, data

contamination, and distribution shifts commonly observed in

clinical recordings.

Extensive evaluations on multiple EEG and ECG bench-

marks demonstrate that MAGE achieves strong and consistent

detection performance without requiring anomaly labels dur-

ing training. The proposed framework exhibits notable robust-

ness under contaminated training conditions, low signal-to-

noise ratios, and inter-subject variability, making it well suited

for practical applications such as continuous EEG monitoring,

early seizure screening, and ambulatory ECG surveillance,

where abnormal events are rare and annotations are often

limited or unreliable.

Nevertheless, several limitations remain. First, although

MAGE operates under an unsupervised anomaly detection

paradigm, it still relies on predominantly normal training data,

and extending the framework to fully unsupervised or weakly

supervised scenarios remains an important direction for future

work. Second, while the current evaluation adopts a sample-

level data split to ensure sufficient normal data diversity and

stable training, true clinical generalization ideally requires

reliable performance on unseen subjects. Achieving subject-

wise generalization is particularly challenging for physiolog-

ical datasets with limited subject sizes and high inter-subject

variability, and this issue remains an open and critical problem

that warrants further investigation.

Future work will therefore focus on improving cross-

subject and cross-dataset generalization through more adap-

tive, subject-aware, and domain-invariant representation learn-

ing strategies. In addition, extending the framework to addi-

tional physiological modalities and further enhancing inter-

pretability and clinical trustworthiness will be essential steps

toward broader real-world deployment.
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